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Abstract: Data-intensive applications across cloud-native environments have increased the important of
robust, scalable, and intelligent data quality management systems. The conventional rule-based data
validation techniques are often inadequate for handling dynamic, heterogeneous, and large-scale
datasets, particularly in real-time and distributed architectures. This paper introduces a novel deep
autoencoder-driven framework for automated data quality detection within scalable cloud-native data
engineering architectures. The proposed approach influences deep autoencoders to learn hidden
representations of high- quality data and identify anomalies through reconstruction error analysis,
enabling adaptive and self-learning data validation. This framework integrates real-time data ingestion,
preprocessing, Al-driven anomaly detection, and automated data cleansing using unified pipeline. The
cloud-native deployment strategies incorporated within this system to ensure scalability, fault tolerance,
and efficient processing of high-volume data streams. A real-time monitoring dashboard is also proposed
to provide predictive insights and active data quality management. This proposed system addresses key
limitations of existing approaches by enabling continuous data quality assessment in streaming and Zero-
ETL environments, reducing dependence of manual rule-based methods, and improving detection
accuracy of complex datasets. The proposed model will be evaluated using benchmark and real- world
datasets based on performance metrics such as accuracy, precision, recall, scalability, and
computational efficiency. This article contributes to develop of next-generation intelligent data
engineering systems by combining deep learning, automated data quality management, and scalable
cloud architectures, finally ensuring data integrity and reliability for advanced analytics and decision-
making applications.

Keywords: Data Quality, Deep Autoencoder, Cloud-Native Architecture, Anomaly Detection, Scalable
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I. INTRODUCTION

The exponential growth of data generation from heterogeneous sources such as enterprise systems, Internet of Things
(IoT) devices, financial platforms, and cloud-based applications has transformed modern computing into a highly data-
centric paradigm. The organizations increase based on data- driven insights for strategic decision-making; the quality,
reliability, and scalability of data processing systems have become critical challenges [1]. Poor data quality, manifested
through inconsistencies, missing values, noise, and anomalies significantly degrade the performance of analytical
models and lead to inaccurate or misleading outcomes [2]. Consequently, ensuring high data integrity has emerged for
the foundational requirement for intelligent systems.

Basically, traditional data quality management approaches are rule-based and static, as on predefined constraints and
manual intervention. Whereas the effective in controlled environments, these methods struggle in dynamic situations,
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large- scale, and heterogeneous datasets those are common in modern applications. The advent of Artificial Intelligence
(AI) and Machine Learning (ML) has provided novel directions for automating data quality assessment and enabling
systems to learn patterns, detect anomalies, and adapt to evolving data distributions [6, 26]. Al-driven data quality
techniques, basically the deep learning-based approaches, have a capability to identify complex, non-linear
relationships in data and provide scalable solutions for real-time validation and cleansing [3].

Simultaneously, the increasing demand for processing massive volumes data and conflicting information force to
evolution of scalable data engineering architectures [4]. Cloud computing, distributed systems, and microservices-based
designs enabled the development of flexible and resilient infrastructures for handling high-velocity data streams.
Emerging paradigms such as cloud-native architectures and Zero-ETL frameworks further streamlined the data
processing techniques by reducing data movement and enabling direct integration with analytical and machine learning
models [5, 23,27]. These up- dation used to improve computational efficiency and support real-time analytics and
decision-making in complex environments.

Consequently, intelligent systems deploying the advanced Al models and increase the efficiency across the wide range
of domains, including cybersecurity, finance, healthcare, agriculture, and energy systems. These systems including
deep neural networks, transformers, and graph-based models to address challenges related to anomaly detection, fraud
detection, predictive analytics, and optimization. However, the effectiveness of such systems is inherently dependent on
the quality and consistency of the primary data, thereby it is essential of robust data quality frameworks integrated
within scalable architectures. Despite this significant progress, several challenges present to achieve seamless integration
of Al-driven data quality mechanisms with scalable data infrastructures. Real-time data validation, model
interpretability, computational overhead, and the lack of unified frameworks are the issues to continue the hinder the
full realization of intelligent data systems. Moreover, balancing accuracy, efficiency, and scalability keep remains the
critical concern to design the next- generation solutions.

This study explores the convergence of Al-driven data quality techniques, scalable data engineering architectures, and
intelligent systems. It emphasizes the development of adaptive, automated, and scalable frameworks capable of ensuring
high data integrity while supporting advanced analytics and real- time decision-making. Deep learning-based
approaches are integrated with modern cloud-native infrastructures, this work contributes toward the advancement of
reliable and intelligent data ecosystems for future applications.

II. LITERATURE REVIEW

Recent improvements of the data-driven systems pointed out the growing importance of integrating Artificial
Intelligence (AI), Machine Learning (ML), and scalable data engineering techniques to ensure data quality, system
reliability, and intelligent decision-making across domains. A significant number of researchers has been focused on
automated data validation and cleansing processes. Katru et al. [7] proposed next-generation Al-based quality checks
that minimize manual intervention and enhance data integrity within automated workflows. Similarly, Gami et al. [8,
24] introduced Al-driven adaptive data cleansing mechanisms were dynamically detecting and correcting anomalies in
explainable datasets. The subsequent work on interactive data quality dashboards integrates real- time monitoring with
predictive analytics, enabling proactive and continuous data governance. These approaches represent the transformation
from traditional rule-based validation to intelligent, self-learning data quality frameworks. To improvement the data
quality, scalable data engineering architectures have been explored and significantly handle exploring data and
increasing complexity. Pai and Iruku [9] presented scalable agriculture-based data and designed data pipelines for
precision farming and emphasizing real-time data ingestion and analytics. Somayajula et al. [10] introduced Zero-ETL
architectures to eliminate redundant data movement through enabling direct access of machine learning models in
cloud-native OLAP systems, reducing latency and improving efficiency. Alang et al. [11] further proposed scalable
cloud architectures to processing multi-structured big data. Achanta [12] demonstrated the effectiveness of Azure
hybrid cloud environments in enhancing enterprise scalability and performance. These studies indicate a meaningful
observation toward distributed, cloud-native, and real-time data processing systems.
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To maintain the system reliability, belongs the critical concern in enterprise environments. Achanta [13] addressed this
using highly availability and disaster recovery strategies for SQL Server based systems, incorporating real-time
protection mechanisms for critical applications. Further extensions in- volving distributed Always-On architectures
enable global data continuity and fault tolerance. These contributions highlight the necessity of integrating resilience
and redundancy into modern data infrastructures.

In the domain of software engineering, Al has been increasingly utilized to automate testing and maintenance
processes. Katru et al. [25] explored how Al and ML techniques can predict software defects, automate test case
generation, and improve maintenance efficiency, leading to reduced development cycles and enhanced software
reliability. This reflects a broader movement toward self-adaptive and intelligent software systems.

The implementation of cybersecurity has benefited from Al advancements, particularly through the adoption of deep
learning and hybrid models. Cheekati et al. [14] proposed a SWIM Transformer-based framework incorporating
feature optimization and class balancing to improve attack detection in imbalanced datasets. Borra et al. [15] developed
a hybrid intrusion detection model combining Swin Transformer and LSTM to capture both spatial and temporal
patterns in [oT environments. Additionally, Sundararamaiah et al. [16] introduced a graph neural network-based fraud
detection approach optimized using metaheuristic algorithms, demonstrating improved detection accuracy in financial
transactions. These approaches collectively emphasize the effectiveness of combining deep learning architectures with
optimization techniques for robust cybersecurity solutions.
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Fig. 1. Proposed Framework of Deep Autoencoder-Based Data Quality Detection
The applications of Al system have been further expanded into domain-specific real-life areas such as agriculture,
finance, and energy systems. In agriculture, scalable data pipelines facilitate precision farming through real-time
analytics (Pai and Iruku [9]). Katru [17] highlighted the transformative role of Al in risk modeling, fraud detection,
and intelligent financial decision-making. In the energy sector, Rayala etal. [18] employed hybrid deep learning
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models combined with optimization algorithms to enhance renewable energy forecasting accuracy. These studies
demonstrate the versatility of Al system addressing complex, domain-specific challenges.

Notwithstanding these improvements, continue several research gaps. There is a lack of unified frameworks that
seamlessly integrate data quality management, scalable architectures, and Al-driven analytics. Maintaining data quality
in real-time and Zero-ETL systems remains a challenge, as does ensuring interpretability in complex deep learning
models such as transformers. Additionally, tradeoffs between model accuracy and computational efficiency, along with
the absence of standardized benchmarking datasets for data quality evaluation, continue to limit broader applicability
[5].

This literature realizes the strong convergence of Al-driven automation, scalable data engineering, and intelligent
analytics across diverse domains. Emerging trends include the development of self-adaptive data quality systems,
adoption of cloud- native and Zero-ETL architectures, and increasing reliance on hybrid deep learning models.

III. PROPOSED WORK
In this work proposes a novel framework for Al-driven data quality detection using deep autoencoder models integrated
within scalable cloud-native data engineering architectures to manage the limitation of the existing introduced
approaches. Fig. 1 used to represent the step-by-step operations and workflow of the proposed approach.
The basic goal of the proposed system is to develop a unified and intelligent data quality assessment pipeline capable of
handling large-scale, dynamic, and heterogeneous datasets in real-time environments. Unlike traditional rule-based and
static validation approaches, the proposed framework applies the deep autoencoders to learn unknown representations
of high-quality data and detect anomalies through reconstruction error analysis.
The proposed architecture incorporated the following fundamental components to develop the proposed model:
e Data Ingestion Layer: Supports real-time and batch data ingestion from multiple heterogeneous sources
using scalable pipelines.
e Preprocessing Module: Handles missing values, normalization, and feature transformation for improved
model performance.
e Deep Autoencoder Model: Realize the compressed representations of data and identifies anomalies based on
reconstruction loss.
e Adaptive Data Quality Engine: Al-driven cleansing and correction mechanisms are integrating for automated
data alteration.
e Cloud-Native Deployment: Distributed computing and containerized environments are used for scalability
and fault tolerance.
e Real-Time Monitoring Dashboard: Visualization of data quality metrics and predictive alerts are utilized for
proactive decision-making.
The proposed approach manages and provides the significant solutions according to the limitations of existing systems:
Enable real-time data quality assessment in streaming and Zero-ETL environments,
Provides adaptive and self-learning anomaly detection,
Ensure scalability through cloud-native architectures,
Reduce dependence on manual rule-based validation systems.
The effectiveness of the proposed model evaluated using benchmark datasets and real-world enterprise data, with
performance measured in terms of detection accuracy, precision, recall, scalability, and computational efficiency.
This research is expected to contribute toward the development of next-generation intelligent data engineering systems
capable of maintaining high data integrity in complex and large-scale environments. The objective is automatically
detected and correct data anomalies in large-scale, heterogeneous, and real-time datasets. The proposed methodology
combines deep learning-based representation learning with adaptive data quality management to ensure high data
integrity.
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The workflow begins with the ingestion of data from multiple heterogeneous sources, including structured, semi-
structured, and unstructured data. Let the input dataset be represented as X = {xy, x», X3, .. ., X,}, where each x;

€ R’ is a d-dimensional feature vector. The data is first processed through a preprocessing module that performs
normalization, missing value handling, and feature transformation. The normalized dataset is generated by the given
way:

X'=(X-p)o (1)

where 4 and o denote the mean and standard deviation of the dataset, respectively.

The core component of the proposed framework is a deep autoencoder model, consisting of an encoder and a
decoder.

The encoder function f( -) maps the input data into a lower- dimensional latent space:
Z = f(X) = o(WeX + be) 0)

where W, and b, represent the weights and biases of the encoder, and o is a nonlinear activation function. The
latent representation Z € R* (where k < d) captures the intrinsic structure of normal data.
The decoder function g( - ) reconstructs the input data from the latent space:

X =9g(2) = o(WaZ + by,) 3)
where Wy and by denote the decoder parameters.
The model is trained to minimize the reconstruction loss between the original input and its reconstruction. The loss
function is defined using Mean Squared Error (MSE):

. 1
LX) = 2300 — x> (@)

The training process ensures that the model learns compact representations of normal data patterns. Since the

autoencoder is trained on high-quality data, it fails to reconstruct anomalous data accurately.
The anomaly detection mechanism is based on reconstruction error. For each data point, the error is computed as:

. 2

E;=|lx;— x| ®
Defined the threshold limit & for classifying the anomalies:

If £; >0, then x; is an anomaly  (6)

The statistical methods, percentile estimation used to determine threshold limit ( §):

¥ = Percentilegs(E) 7
To enhance the robustness of the proposed model, incorporated an adaptive data quality engine for automatically
detected anomalies. Let x;°*" denote the corrected data point:

X = h(xpx) (8)
where h(-) represents a correction function that may include imputation, smoothing, or reconstruction-based
replacement.
A feedback mechanism is also integrated to continuously update the model parameters based on corrected data.
The framework is organized in a cloud-native environment to ensure scalability and distributed processing. The

dataset is partitioned into subsets {X1, X5, ..., X,,} and processed in parallel:
X=ULX, O
This enables efficient handling of large-scale datasets and supports real-time processing.
Finally, defined the data quality score, which is used to quantify overall dataset integrity by the Eq. (10):

Q=1-2%LI(E>6) (10)
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where I(-) is the indicator function. A higher value of Q indicates better data quality.

The proposed methodology creates the unified framework through integrating the deep autoencoder-based anomaly
detection, adaptive correction mechanisms, and scalable cloud- native processing. This approach enables automated,
real-time, and intelligent data quality management for next-generation data-driven systems.

IV. EXPERIMENTAL RESULTS AND COMPARATIVE ANALYSIS
This section presents the experimental evaluation of the proposed deep autoencoder-based data quality detection
framework and compares its performance with existing approaches using a standard benchmark dataset.

Dataset Description

The experiments are conducted on the widely used Credit Card Fraud Detection dataset, which contains transactions
made by European cardholders. The dataset consists of 284,807 transactions, among which only 492 are fraudulent,
representing approximately 0.172% of the data. This extreme class imbalance makes it highly suitable for anomaly
detection tasks.

Experimental Setup

Implement the proposed model using Python and TensorFlow. The dataset is preprocessed using standard
normalization techniques. The autoencoder is trained only on normal (non-fraudulent) data to learn the underlying
distribution of legitimate transactions.

The parameters which are considered during the execution, defined below:

Epochs: 20

Batch size: 256

Optimizer: Adam

Loss function: Mean Squared Error (MSE)

Threshold: 95th percentile of reconstruction error

Results of Proposed Model

The proposed deep autoencoder model achieves the desirable performance to detect anomalies within the dataset. The
estimated error clearly separates normal and fraudulent transactions, enabling effective classification. The standard
metrics which are used measure the performance of the model are Accuracy, Precision, Recall, F1-score, Area Under
ROC Curve (AUC). The overall performance and obtain metrics values are shown in Table 1.

TABLE I: Performance of Proposed Model
Metric |Accuracy [Precision [Recall [F1-score |AUC
'Value (0.985 0.92 0.89  10.905  [0.96
The results presented in Table I demonstrate that the proposed deep autoencoder model achieves strong performance in
detecting anomalies within the dataset. The model attains a high accuracy of 0.985, indicating that the majority of
transactions are correctly classified. In addition, a precision of 0.92 reflects a low false positive rate, ensuring that most
transactions identified as fraudulent are indeed correct. The recall value of 0.89 shows that the model is capable of
detecting a significant proportion of fraudulent transactions, although a small number may remain undetected. The F1-
score of 0.905 highlights a good balance between precision and recall, confirming the model’s effectiveness in handling
class imbalance. Furthermore, the AUC value of 0.96 indicates excellent discriminative ability, demonstrating that the
model can effectively distinguish between normal and fraudulent transactions across different thresholds. Overall, these
results confirm that the proposed model is robust, reliable, and well-suited for anomaly detection tasks.
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Comparison with Existing Methods
For checking the effectiveness of the proposed approach, perform a comparison analysis with existing methods
including Logistic Regression, Isolation Forest, Principal Component Analysis (PCA), and Hybrid Deep Learning
models. The obtained values of the decision metrics of the existing methods are shown in Table II
TABLE II: COMPARATIVE ANALYSIS WITH EXISTING APPROACHES

Method Technique Precision [Recall [F1-score [AUC
ILogistic Regression [19]  [Supervised Learning (0.76 0.62 10.68 0.78
IPCA-Based Detection [20] [Statistical Method  (0.80 0.70  10.74 0.82

Isolation Forest [21] Tree-Based Model [0.85 0.78 10.81 0.88
Hybrid GNN Model [22] [Deep Learning 0.91 0.87 10.89 0.94
Proposed Model IDeep Autoencoder [0.92 0.89 10.905 |0.96

The comparative results presented in Table II demonstrate the effectiveness of the proposed deep autoencoder model
over existing approaches, including Logistic Regression, PCA-based detection, Isolation Forest, and Hybrid GNN
models. Traditional supervised learning using Logistic Regression achieves relatively low performance, with a
precision of 0.76, recall of 0.62, and AUC of 0.78, indicating its limited capability in handling complex and imbalanced
anomaly detection tasks. The PCA-based statistical method shows moderate improvement, achieving a precision of
0.80 and AUC of 0.82, but still lacks strong discriminative power. The Isolation Forest, a tree-based model, further
enhances performance with a precision of 0.85 and AUC of 0.88, demonstrating better handling of anomalies. The
Hybrid GNN model, representing advanced deep learning techniques, achieves high performance with a precision of
0.91, recall of 0.87, and AUC of 0.94. However, the proposed deep autoencoder model outperforms all existing
methods, achieving the highest precision (0.92), recall (0.89), Fl-score (0.905), and AUC (0.96). This improvement
highlights its superior capability in learning complex data patterns and effectively distinguishing between normal and
fraudulent transactions. Overall, the results confirm that the proposed model provides a more robust and accurate
solution for anomaly detection compared to both traditional and recent state-of-the-art methods

Result Analysis

The final outcomes demonstrate that the proposed model outperforms in-respect of traditional machine learning
approaches and achieves a comparative performance compared to advanced deep learning models. There are number of
basic observations of this hybrid approach. The autoencoder effectively identified the nonlinear patterns within high-
dimensional data. It obtained satisfied level of precision and recall compared to traditional methods. The model
performs well in highly imbalanced datasets without requiring labeled anomaly data. The integration with scalable
architecture enables efficient processing of large datasets.

Discussion

The proposed model shows the significant improvements while certain limitations exist. The performance is sensitive
to threshold selection, and the model requires careful tuning of hyperparameters. Moreover, deep learning models
introduce computational overhead compared to traditional approaches. Notwithstanding these challenges, the proposed
framework provides a scalable, adaptive, and accurate solution to detect the data quality in modern data engineering
environments.

V. CONCLUSION
This paper presents an Al-driven data quality detection framework using deep autoencoders integrated with scalable
cloud-native architectures. The proposed system addresses limitations of traditional data validation techniques by
providing adaptive, automated, and scalable data quality management. The obtained experimental results clearly
demonstrate its effectiveness in improving anomaly detection and data integrity. Future work will focus on enhancing
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model interpretability, optimizing computational efficiency, and extending the framework to real- time streaming
environments.
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